Introduction
Land surface modeling has faced limitations in the past because of the lack of observations of spatially distributed data of land surface characteristics as well as variables in water and energy budgets, namely, surface temperature and soil moisture. The problem of spatially distributed land surface characteristics has been solved with the advent of the soils database (Continental United States, State Soil Geographic Database (CONUS-SOIL, STATSGO) [Miller and White, 1998 ]) and the global vegetation index (GVI) [Goward et al., 1994] ). Surface temperature observations are available from various satellite sensors: advanced very high resolution radiometer (AVHRR) [Price, 1984] , geostationary orbiting Earth Satellite (GOES) [Diak, 1990] , and TIROS operational vertical sounder (TOVS) [Susskind et al., 1997] . However, soil moisture still remains as an underobserved hydrologic variable.
Soil moisture is a crucial component of both the water and energy budget equations. The absence of spatially distributed observations of soil moisture makes it very difficult for hydrological model validation. Comparison of model-computed streamflows at the catchment outlet with the observed streamflow does not ensure a complete energy and water budget validation. There could be compensating errors in the infiltration, evaporation, and streamflow which could offset each other and thereby attain proper water balance, but the individual components (infiltration, evaporation, streamflow, and soil moisture) could still be incorrect. It is therefore imperative to use other data sets to ensure the spatially distributed validity of the output of these models as well as the validity of the individual components of the water and energy budgets.
Satellite-observed surface temperatures satisfy our requirements of being spatially distributed and having connections to both the water and the energy budgets. Surface temperature Therefore we need to compensate for the errors in the input forcings by assimilating the readily available spatially distributed satellite-observed surface temperatures. The model surface temperatures will be adjusted so as to reduce their differences with the observed surface temperatures. These adjustments will be carried out such that the soil moistures are corrected to correspond to the new surface temperatures so that they obey the water and energy budget equations.
The subject of assimilation of soil moisture or other meteorological variables in order to estimate soil moisture accurately is a relatively new area of study [McLaughlin, 1995] . Recent advances in inverse methods [Entekhabi et al., 1994; Lakshmi et al., 1997b] have demonstrated the use of microwave satellite data in estimating soil moisture. The assimilation of soil moisture from low-level atmospheric variables using a mesoscale model [Bouttier et al., 1993a [Bouttier et al., , 1993b has shown that the assimilated soil moisture estimates help in the initialization of atmospheric models. Another class of methods use satellite estimates of surface temperature [Ottle and Vijal-Majdar, 1994] and surface temperature tendencies [McNider et al., 1994 ] to adjust for the soil moisture and estimate with greater accuracy the surface fluxes and surface temperature. van den Hurk et al. [1997] carry out assimilation by nudging the forecast model evaporation fraction using the satellite data and hydrological model-computed evaporative fraction. The results are reductions in the predicted 2-m air temperature and vapor pressure after carrying out these assimilations. Parameterization of hydrological models using microwave satellite data [Blyth, 1993] In this paper, the model-computed surface temperature and the satellite-observed surface temperatures will be compared. The effect of assimilation in removing the errors caused by incorrect input forcings will be studied. Spatially distributed comparisons are carried out over an area (roughly 5 ø latitude x 10 ø longitude) and a time period of a year between the assimilated and the unassimilated scenarios. In this paper, we have carried out assimilation of satellite surface temperatures. However, this methodology is completely general to be applied with field measurements of surface temperature.
Theory
The land surface hydrology can be represented by a twolayer model (top layer is 1-cm thick and the bottom layer is 99-cm thick), as shown in Plate la [Mahrt and Pan, 1984 
where 0• and 02 are the volumetric soil moistures of the top layer (with thickness z i ) and the bottom layer (with thickness z2), respectively. P is the precipitation, E is the bare soil evaporation, R is the surface runoff, T is the transpiration, q •,2 is the moisture flow from layer 1 to layer 2 and q2,wt is the moisture flow from layer 2 to the water [Brutsaert, 1982] r a = rah = k•-•u in , 
where •t is the minimum stomatal resistance and E is the leaf rrnin area index. The depth of the top layer of the soil was set to be 1 cm in order to evaluate the surface temperature and the surface soil moisture.
Assimilation of Surface Temperature
Evapotranspiration is the common variable that couples the land surface water and energy balance equations. Changes in the surface temperature of the land surface alter the heat fluxes, net radiation and latent, sensible, and ground heat fluxes. The change in latent heat flux or evapotranspiration changes the soil moisture content of the layers contributing to the evaporation (from the 1-cm layer) and the transpiration (from the 99-cm layer). Therefore the assimilation of surface temperature changes the soil moisture.
Let T• be the surface temperature computed by the land surface model and T•' be the satellite-observed surface temperature. As stated earlier, the observed surface temperature can be ground in situ observations and/or satellite observations. In this study, we used satellite-retrieved surface temperatures for the observations. As a starting point, let us assume that these two estimates of surface temperature can be combined algebraically in a simple fashion to obtain the "correct" estimate of the surface temperature. One way of combining these two estimates to yield an assimilated surface temperature 
In section 5 I will present a more detailed explanation for the choice of using a simple average in (6). This choice is relative to the magnitude of the differences of the modelestimated Ts and the field measurement of T• and the magnitude of the satellite-retrieved T• and the field measurement of T•.
The assimilated surface temperature T} will have to satisfy the energy balance equation. Therefore we can calculate the value of the evapotranspiration flux ET' that satisfies the same (from (2)), i.e., ET' = Rsa(1 -a) + gld-co'T3 4-Hi(T 3 -ra) 
Data Sets
The meteorological data were obtained from the surface airways stations (17 stations on a hourly temporal frequency) from Earthlnfo's National Climate Data Center data product. These data were used to force the model. The meteorological variables include: air temperature, dew point temperature, air pressure, wind speed, cloud height (defined as the height of the lowest sky cover layer more than 1/2 opaque), total sky cover, and wind speed. Table 1 [Dozier and Frew, 1990 ]. This value is corrected for cloud cover effects [Eagleson, 1970] by the factor 1 -(1 -K) N to obtain the corrected incoming shortwave radiation; K accounts for the cloud height (K -0.18 + 0.0853z, where z is cloud base altitude in kilometers).
The vegetation data have been obtained from the University Manually digitized radar (MDR) is a program that produces a complete computer-generated composite map of the echo characteristics. These data have been generated using information from all the 100 radars around the country [Moore and Smith, 1979] . The data are presented as video integrator and processor (VIP) levels, which are the maximum levels for that particular grid box. These VIP levels are related to the rainfall rate (echo intensity is a function of precipitation), and MDR VIP levels 1, 2, 3, 4, 5, and 6 correspond to an echo intensity of light, moderate, heavy, very heavy, intense, and extreme. The VIP levels are converted into rain rates using conversion tables [Fan et al., 1996] 
Soil Moisture Adjusted by Surface Temperature Assimilation
The assimilation scheme described in section 2 is tested using a series of experiments. The land surface hydrological model is run in two modes, namely, without assimilation of satellite surface temperature data and with the assimilation of satellite surface temperature. The data input into the hydrological model described in section 3.2 are treated as "perfect" inputs (described in section 3.2). The hydrological model is run along with this set of inputs with and without surface temperature assimilation. In addition to this set of runs the hydrological model is run with the "perfect" inputs perturbed. Perturbation is carried out for precipitation and the shortwave radiation as they have the most impact (of all the atmospheric inputs) on the land surface hydrological cycle. The precipitation affects the land surface moisture storage through the infiltration and the runoff and the upper and the lower layer soil moistures. The shortwave radiation is the driving force for the evapotranspiration during the sunlight hours. The precipitation and the shortwave radiation are biased 20% higher, 20% lower, and randomly using a random number between 0 and 1. In the runs where precipitation is biased, all the other inputs are unchanged (this includes the shortwave radiation) and vice versa. The only exception to this is one set of runs in which both the precipitation and the shortwave radiation are randomly perturbed simultaneously. The corresponding runs with and without surface temperature assimilation are compared. We simulate (continuously) hourly hydrological states, i.e., soil moisture, surface temperature, and all the heat and moisture fluxes. At the time step the TOVS surface temperature becomes available to us, we assimilate it using the relationship in (6). Therefore we do not carry out assimilation in the 12 hours between the two overpasses. In the present study, when satellite data are absent, no assimilation is carried out. The effect of the precipitation bias is to change the soil moisture of the model. This effect is a complex one, and it is not always a simple case of increased rainfall leading to increased soil moisture. In the case of high incoming solar and longwave radiation this increased moisture could result in increased evaporation or in cases of a large precipitation event; the effect of high soil moisture would be to increase the runoff for the time steps subsequent to the precipitation event. Therefore a simple cause-effect relationship cannot be formulated between the increased precipitation and soil moisture. It can be seen from Plate lb that the improvement in the soil moisture of the top layer due to assimilation ranges from 0 to 7.0 mm for the positive and the negative rainfall bias cases. The regions of most improvement due to surface temperature assimilation correspond to the regions which have the largest difference between the model-computed surface temperature and the TOVS-retrieved surface temperature. This can be observed by comparing Plates lb and 2a. The region in the northeast corner which shows the largest improvement (7.23 mm and 6.99 mm for the 0.8P and the 1.2P cases, respectively) corresponds to a bias (-4 K to -6 K) in the TOVS P.M. overpass. The central region in the two cases where improvements range from 4 mm to 6 mm corresponds to the same region in the TOVS A.M. overpass where the bias ranges between 3 K and 5 K. It is clear that the regions where the temperatures differ the most correspond to the largest changes in the adjusted soil moisture. This adjusted soil moisture is in closer agreement with the independent set of soil moisture estimates from the SSM/I than the unadjusted (no surface LAKSHMI: SIMPLE SURFACE TEMPERATURE ASSIMILATION SCHEME temperature assimilation) soil moistures. This proves our assertion that the assimilation of surface temperatures rectifies the errors caused due to incorrect precipitation estimation. Table 2 shows the spatial average of the cumulative improvements (as shown in Plate lb) for all the cases run with and without surface temperature assimilation for different perturbations of precipitation and radiation inputs. The improvement is represented as a spatial average, ranging from 2.1 mm to 2.2 mm. This shows that the assimilation of surface temperature is a definite improvement for accurate simulation of the surface soil moisture.
There is no

Comparison of Adjusted Soil Moisture With Simulated Control
In order to fully explore the potential of the surface temperature assimilation, we carried out more comparisons of the soil moisture field adjusted by surface temperature assimilation with the unadjusted soil moisture field for cases of input rainfall biased by +20% and -20%. The simulated observations are taken to be the soil moisture fields corresponding to the perfect (unperturbed) inputs along with surface tempera- 5 and 6, respectively) for the control case with and without surface temperature assimilation. It can be seen that in the case of no changes in the input, assimilation of surface temperature does not result in any significant differences between the two cases of soil moisture for spatial mean and standard deviation. In Figure 5 , the middle and bottom panels show the difference between the area-averaged soil moisture for the control case with assimilation and the rainfall bias cases (0.8P and 1.2P, respectively) with and without assimilation. It is seen that the perturbed input rainfall cases with assimilation case differences in soil moisture are closer to zero compared to the case without assimilation. The same is true with the soil moisture standard deviation. The standard deviation difference between the control with assimilation and the perturbed rainfall input simulated soil moistures shows a better agreement for the surface temperature assimilation case (middle and bottom panels of Figure 6 ). The time series of these differences shows that the assimilation case is very close to zero for both bias and standard deviation and varies temporally for the case without assimilation.
Even though many sensitivity experiments were examined, detailed presentation was limited only to those experiments related to precipitation perturbation. Precipitation is the most important input to hydrological models. Incorrect precipitation estimation not only causes incorrect computed soil moisture but also incorrect fluxes of moisture, infiltration, runoff, and base flow, and fluxes of energy, evapotranspiration flux, surface temperature (and hence), sensible ground heat flux, and net radiation. Therefore precipitation is the most important and the least well known (especially spatial distribution) variable and forms the central theme in the discussions in this paper. The purpose of having these precipitation bias experiments is to prove that in the presence of incorrect precipitation input (which will result in incorrect soil moistures), the assimilation of observed surface temperature helps to bring the soil moisture toward the "correct" value. This is physically consistent with the fact that the soil moisture and surface temperature are not independent of each other but are connected intimately through the coupling of the energy and water budgets by evapotranspiration.
Discussion and Conclusions
Unlike measurements of surface temperature, routine observations of soil moisture are rare. Field experiments measure soil moisture at limited spatial scales and over limited time periods. Therefore validation of model-simulated soil moisture is virtually nonexistent at regional spatial scales and over temporal scales of months to years. This paper attempts to reconcile the absence of routine soil moisture observations by using the more readily observed surface temperatures to validate model surface temperatures and subsequently "adjust" model- on the present study region, as field measurements of surface temperature were not available for this region. However, the two regions are quite similar with respect to land surface cover type, and these results can be used. Another interesting fact with the above two results is that the difference between the field measurements and the model-simulated surface temperature estimates seem to be independent of the model used. This indicates a "limit" on model abilities to accurately simulate these measurements. The amount of "adjustment" in soil moisture for the cases of imperfect precipitation inputs does involve other factors. This means that incorrect wind speed or leaf area index cannot be individually accounted for in the updating of soil moisture. All the discrepancies, in model formulation, model parameters, and input data, are taken into account in this assimilation scheme. However, in these experiments (0.8P and 1.2P), precipitation bias is the largest source of discrepancy, and it is the major factor in the adjustment of soil moistures. In most assimilation schemes, after assimilation of data, the water and/or energy budgets are not preserved. This is not so in the present case. In the case of the water budget we change the upper layer soil moisture and the bare soil evaporation. Therefore we have to adjust the runoff to reflect this change. The runoff is decreased/increased to keep a perfect water balance; that is, precipitation equals change in upper layer soil moisture plus bare soil evaporation plus runoff plus exchange flux. The exchange flux q•,2 is changed at the time step after updating.
Therefore the water budget is preserved in this assimilation scheme. The energy budget is preserved by recalculating the outgoing longwave radiation (using the new surface temperature), sensible heat flux, and ground heat flux.
The assimilation scheme presented in this paper is simple and completely general in nature, i.e., independent of the hydrological model structure. It is not specific to the thin-layer model which has been used in this study. A similar formulation can be used for a three-layer or multilayer soil model. This assimilation study will lead to future studies that will assimilate more than one hydrological variable into land surface and coupled land-atmosphere models. The hydrological variables that can be assimilated include soil moisture (when observations are available) and streamflow data. There are numerous spatial and temporal issues with these observations and processes that will have to be resolved before such a task is undertaken. The resulting general assimilation scheme will provide an excellent framework for complete utilization of all land surface observations and satellite-retrieved observations in improving hydrological predictions. 
